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Andrews CORDOLINO SOBRAL - andrews.sobral@activeeon.com
Ph.D. on Computer Vision and Machine Learning

- Senior Al Research Engineer, Machine Learning Team Leader at
ActiveEon, Paris Office

15+ years of software development experience (8+ companies)
20+ scientific publications

70+ reviews on 20+ scientific journals

Ph.D. Thesis
"Robust low-rank and sparse decomposition for moving object detection: from matrices to tensors"

Education

2013 - 2017 Ph.D. in Computer Vision and Machine Learning at University of La Rochelle (L3I/MIA), France.
2014 and 2015 (2 x 3 months) Doctoral research stage at Computer Vision Center (CVC), Barcelona, Spain.
2010 - 2012 M.Sc. in Mechatronics Engineering at Federal University of Bahia (Polytechnic School), Brazil.

2004 - 2009 B.Sc. in Computer Engineering at AREA1 Engineering School, Brazil.

Main research interests
Computer Vision, Image Processing, Machine Learning, Deep Learning,

Matrix & Tensor Decomposition and Factorization, Applied Mathematics,
and Optimization.

Programming skills
C/C++, Python, MATLAB

Links
http://andrewssobral.wixsite.com/home
https.//github.com/andrewssobral
https.//twitter.com/andrewssobral
https.:.//www.linkedin.com/in/andrewssobral

Google Scholar November, 2019

All Since 2014
Citations 1414 1395
h-index 16 16
i10-index 17 17

2013 2014 2015 2016 2017 2018 2019
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Decomposition into low-rank + sparse components
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Activeeon Story AGTvVESON

» An R&D Team of 45 persons headed by Denis Caromel developing a Core
Kernel for Distributed, Parallel & Cloud at INRIA (largest EU Computer Science
Research Institute, 6000+ members).

\

Foundation of ActiveEon
Co-development between INRIA Team & ActiveEon
IP Technology Transfer from INRIA to ActiveEon

Denis Caromel, CEO and
Founder

Scheduler added to the Core

Resource Manager added

Orchestration with Powerful Workflows added
First very large customer references in Production

International Expansions in UK, USA, Africa

Machine Learning Open Studio (MLOS) added to the ProActive Suite
New features added to MLOS: AutoML, Jupyter Kernel, Job Analytics, MaaS

Locations

Sophia-Antipolis (France)
Paris (France)
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PWS

PROACTIVE WORKFLOWS & SCHEDULING

For Gartner identified market of
"Workload automation and job scheduling, including Big
Data/ETL".
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MACHINE LEARNING OPEN STUDIO

For Gartner identified market of

"Data Science and Machine Learning Platforms".
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ACTIVeeon

Activeeon Solution Platform for Al
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The MLOS Suite

Complex Al pipelines, MLOps

MLOS - Tools

Visualization Services W EERN]

Jupyter Kernel Generic ML & DL Tasks AutoML
R & Python SDK Data Connectors Job Analytics

MLOS - PWS

Workflow Studio Automation Dashboard

Infrastructure (On-Premise, Multi-Cloud, Hybrid, HPC)




MLOS - PWS,

the core of the platform
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<>
Open REST API

Multi
Platforms

Resource Management & Monitoring

Local Network
machine Resources

Processing & Automation Workflows

Any Secured Data Third-part Market ETL, Services Chaining
Language Transfers Schedulers ERP... & Integration Translator
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MLQOS : Workflows Studio

User interface
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.’ ProActive Workflow Studio

File ( Execute i Plan | Help ~

Edit ~ | & Catalog ~

MACHINE LEARNING
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@ Automation Dashboard ‘ @ Workflow Studio ‘ G Scheduling & Orchestration c Resource Manager sobral c

Workflows / Emotion_Detection_In_Bing_Images

General Parameters @

Name ©
Emotion_Detection_In_Bing_Images
Project ©
1. Azure Cognitive Services
Description @

This workflow is a mashup that searches for images of a person using Azure
Bing Image Search then performs an emotion detection using Azure Emotion
API.

P
Documentation @
Undefined
Job Priority ©
normal ;

Workflow Variables @

Generic Info @

Data Management @

Error Handling ©

2 Unpin
1. Public Datasets
@ Load_Boston_Dataset

@ Load Iris_Dataset

2. Input and Output Data
[] Download_Mode!

[30 Expor:_Results

[ impor:_Data

&, Imper:_Mode!

&) Log Parser

3. Data Preprocessing
[ #d_Data

[ #ed_Lave

Y Fiter_Data

%Spm,oa:a

4. Features Extraction
Feature_Vector_Extractor

| Time_Series_Feature Extractor

5.1 ML Anomaly Detection
{2 Local_Outier_Factor
1) One_Ciass_SVM

5.2 ML Ciassification
|5+ Gaussian_Naive_Bayes

£+ Logistic_Regression
L+ Suppor:_Vector_Machines

5.3 ML Regression

Bayesian_Ridge_Regression

Lnear_Regresson
Supper:_Vector_Regression

5.4 ML Clustering

5 K Means

5 Mean_shft

6. Train

@ Train_Clustering_Model

) Train_Moce

?} Train_Anomaly_Model

7. Predict
(& Predict_Clustering_Model
(& Predic:_Model

@ Pradict_Anomaly_Mode!

data connectors v x

X Unpin

1. File

o TS

[+ [

-~ B
2.saL

W PosigresaL
©) Greenplum
T\, MysaL
&) orece

#* SQL_Server
3. NoSQL

§ MeongoDB

=2 Cassandra

& ElasticSearch
4. Cloud

== Azure_Stcrage
(3} Azure_Data Lake
W s
5. ERP
I SAP_ECC

'machine leaming-workflows ~ x

X Unpin

1. Basic Machine Learning

@ Movies_Recommendation

3. Text Analysis

. One_Het_Encode_Sequence_Data

4. Machine Learning NodeSource

8 MachineLearning_NodeSource_Delete
97 MachineLearning NodeSource_Depioy
Basic Machine Learning

' Diabetcs_Detection_using_K_Means
@P House_Price_Prediction_usng Linear_Regression

@ iris_Flowers_Ciassification_using_Logistic_Regression

Log Analysis

. Ancmaly_Detection_in_HDFS_Blocks
. Ancmaly_Detection_in_HDFS_Nodes
. Ancmaly_Detection_in_Apache_Logs
. Unsupervised_Anomaly_Detection

| Tesia -l Merusis - | Contro -

BinglmageSearch

X Unpin

Knowledge

B Academic_Knowiedge
B cusiom Decision_Servics
Entty_Linking

E Knowledge_Exploration_Service

[&] ana Maker

Bl A=commendations
Language

. 8ing_Spell_Check

n Language_Understanding
. Unguistic_Analysis

B rext Anayics

B rransiator Text

Veb_Language_Mode:

Search

8ing_Autosuggest

ﬂ Bing_Custom_Search
n 8ing_Entty Search
H 8ing_Image_Search
E Bing_News

m 8ing_Video_Search
n 8ing_Web_Search
Speech

. Bing_Speech_Service
n Custom_Speech_Service
A seeaker_Recognition
[ rransiator Speeen
Vision

E Computer_Vision

[E] Content Moderator
E Custom_Visicn_Service
[& emotionAPI

[E Face

B vdeo indexer

X Unpin

1. Input and Output
mport_Image_Dataset

5] exoor: Mode
[€- import_Mogel
:1 Import_Text_Dataset
=) Export_Results
[ exoort images
2.1 Image Classification
o AlexNet
{&» DenseNet-161
:3 ResNet-18
&0 veG-16
2.2 Image Segmentation
feof FON
foof SegNet
feof UNet
3. Text Classification
m GRU
m LST™
HH ANN

4. Train Model

€

)
R

5. Predict

|~~| Predict_Image_Classification_Mode!
[~] Predict_Text_Classfication_Mode!

[~~| Predict_Image_Segmentaton_Model

Tran_Image_Classfication_Mode!
%) Tran_Text_Ciassficaton_Model

3) Tran_Image_Segmentation_Model

—m x

X Unpin

1. Azure Cognitive Services

&8 Emotoon_Detection_In_Bing_Images

& Sentimen:_Analysis_In_Bing_News

2. Microsoft Cognitive Toolkit

e CNTK_ConvNet

tuix CNTK_SimpleNet

e GAN_Generate_Fa<e MNIST_Images
twix DCGAN_Generate_Fake MNIST_Images
3. Mixed workflows

. Custom_Sentiment_Anayss_In_8ing News
4. Custom Al workflows

* |4 IMDB_Sentiment_Anayss

Bl Image_Cassification

53 Language_Detection

# Fake_Celebritly_Faces Generaton

N Image_Segmentaton

5. Image Analysis - Other libraries
Keras_Image_Classification

6 PyTorch_Image_Object_Segmentaton
b PyTorch_Train_Image_Object_Segmentation
1" TensorFlow_Image_Prediction

1" TensorFlow_Parallel_Image_Predicton
-“ TensorFlow_Train_Image_Classifier

WP YOLO Image_Anomaly Detection

‘WP YOLO_Image_Object_Detection




MLOS : Parallel & Distributed Training

Vv Details

: Tasks | @ Visualization ]I ‘ Users Sessions ][ “ Statistics M O Usage 1

:‘I Import_Data

G -
Q Split_Data A Logistic_R...
ﬁi Train_Mod... ﬁj Train_Mod...

ﬁj Predict_Mo... ﬁi Predict_Mo...

ﬁi Support_V...

ﬁj Train_Mod...

ﬁj Predict_Mo...

ﬁj Gaussian_...

v
4
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| ] Jobinfo | [ Taskinfo | (@ output | @ ServerLogs | [} Preview |

Streaming Output

‘Selected job

|v]

90t4@trydev.activeeon.com;
90t9@trydev.activeeon.com;15:
90t9@trydev.activeeon.com;15:41:41
90t9@trydev.activeeon.com;15:41:41
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90t6@trydev.activeeon.com;15:41:41

90t6@trydev.activeeon.com;15:41:41
90t6@trydev.activeeon.com;15:41:41
90t6@trydev.activeeon.com;15:41:41
90t6@trydev.activeeon.com;15:41:41

90t6@trydev.activeeon.com;15:41:41

ACCURACY SCORE: 0.77
PRECISION SCORE: 0.77
CONFUSION MATRIX:
133 22]

[3244]]

END Predict_Model
BEGIN Predict_Model
wermmmecomi G| ASSIFICATION MEASURES
ACCURACY SCORE: 0.74

PRECISION SCORE: 0.74

CONFUSION MATRIX:

[[124 31]

[29 47]]

END Predict_Model
BEGIN Predict_Model
wxmmeermmerskeesmens ) ASSIFICATION MEASURES
ACCURACY SCORE: 0.67

PRECISION SCORE: 0.67

CONFUSION MATRIX:

[[155 0]

[760]]

END Predict_Model
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MLOS : Python SDK ACTIVEEON

$ pip install proactive

proactive

gateway proactive.ProActiveGateway (
gateway.connect (username, password)

proactive task gateway.createPythonTask()

proactive task.setTaskName("SimplePythonTask")
proactive task.setTaskImplementationFromFile("main.py")

job id gateway.submitJob (proactive job)
job result gateway.getJobResult(job id)
print(job result)

https://github.com/ow2-proactive/proactive-python-client



https://github.com/ow2-proactive/proactive-python-client

MLOS : Jupyter Kernel ACTIVEEON

T e e —— a - Reduce opex expenditures with

Fle Edit View Inset Cell Kemel Widgets  Help Trusted | ProActive ©
2000 OO0 integrated production migration
In [1]: #8connect(path=./proactive config.ini)

WARNING: Proactive is already connected.

Disconnecting from server: http://try.activeeon.com:8080 ...
Connecting to server ...

Connected as 'narbais’!

In [2): #8job(name=MyFirstWfFromJupyter)
Creating a proactive job ...
Job 'MyFirstWfFromJupyter' created.
Adding the created tasks to 'MyFirstWfFromJupyter' ...
Done.
In [3): #8task(name=HelloFromJupyter)
print(‘'Hello from Jupyter Lab!!!")

Creating a proactive 'Python' task ...

Task 'HelloFromJupyter' created.

Adding default selection script to the proactive task ...
Done.

In [4): #8task(name=dummy, dep=[HelloFromJupyter], export=[varl, var2])

print('dummy task')

Creating a proactive 'Python’' task ...
Task 'dummy’ created.
Adding default selection script to the proactive task ...

:;::l.ldcnco ‘HelloFromJupyter '==>'dummy’ added. migrate from deV tO
prod seamlessly

Integrate in CI / CD pipelines

workflow as code

within data scientist
environment



MLOS : AutoML, AutoDL, HyperOpt & Acivesen

AutoML

Description : This workflow proposes six algorithms for hyperparameter optimization. The choice of the
sampling/search strategy depends strongly on the problem tackled.
Project name : 1. Automated Machine Learning
Bucket Name : auto-ml-optimization
Documentation : MLOS/MLOSUserGuide.html#_AutoML
Latest update: 2019-11-08T713:54:22.7
Committed by: admin

DOCKER_ENABLED ® TRUE O FALSE
MAX_ITERATIONS 2

PARALLEL_SAMPLES_PER_LOOP
TUNING_ALGORITHM Bayes

VISDOM_ENABLED ® TRUE O FALSE

WORKFLOW_TO_OPTIMIZE auto-ml-optimization/Himmelblau_Fi

SEARCH_SPACE {x": uniform(-6, 6), 'y": uniform(-6, 6)}

Close Check




MLOS : Job Analytics

ACTIvVeeon

SCALE BEYOND LIMITS

Q Sample_Job_10_Data

Summary Issues
’I OOOO Successful @ O
Total Jobs In progress @ Finished @
P Job Duration il
3s
2s
2s
1s
1s
OmJ‘.AlJ. | TO ...LAlJLA.AJ.A.“LL " N
S
v.0 .9 & » & D o & RGP G R S & > o
LEFESIPELS P ESTEELIELEESS
Y
JobID v ‘WOrkﬂow Name ¥ ProjectName v Submittion Time v
8597 ‘ Sample_Job_10_Data  Demo 27/05/2019 16:52:02
8598 Sample_Job_10_Data  Demo 27/05/2019 16:52:02
8599 Sample_Job_10_Data Demo 27/05/2019 16:52:02
6854 Sample_Job_10_Data  Demo 27/05/2019 16:50:12
6797 Sample_Job_10_Data Demo 27/05/2019 16:50:08
5690 Sample_Job_10_Data Demo 27/05/2019 16:48:58

Values

Duration ~

Interrupted @

0

Any PN User SO Submitted on | 27/05/2019 | 27/05/2019

Variables

Metrics

Os

Average Duration

Wl

Il

Status

FINISHED
FINISHED
FINISHED
FINISHED
FINISHED

FINISHED

v

User

admin
admin
admin
admin
admin

admin

v

var 4

422
423
262
294

76

v

var_6 Vi
-143
-146
-148
-223
-253

-132

Q

lils

Results il

8
2
>
-500
v o A OXNDL O DO HOALDIDAD DD
PESELES PSP ESLEEEESEESL S
e =
var_7 v var0 v varA1 v var_2 v var_3 v var
340 -7 -122 -24 108 -126
338 -166 -122 -27 108 -129
336 -164 -120 -32 107 -128
208 105 76 -116 128 -185
265 81 87 -128 143 -168
6 116 1 -264 101 -167



MLQOS : Visualization Services

ACTIvVeeon

SCALE BEYOND LIMITS

<% Bind_or_Start_Visdom_Service

@, Apache_Log_Analysis

Z

-
; Walt_uUntli_Validation

<% Terminate_Visdom_Service

visdom  main 4

X 4
List of detected anomalies :
blk_583136072904268613
blk_8331230491973251887
blk_2816711625709420725
blk_5512660627232123984
blk_8093629045470682940
blk_7140381232887966765
blk_2582551185991706301
blk_2489199918193182473
blk_-7561157296890269484
blk_-6184985354573634000
blk_-4103191307801541129
blk_-2938324002437553195
blk_6146687222259214864
blk_-475194732615558399
blk_8540468447364516926
blk_1325574349241252065
blk_4625934870473602048
blk_9033631136663420216
blk_5936937605230460665
blk_6460938699829820292
blk_7407380822008969218
blk_545813675218000030
blk_6208354502423213687
blk_5184161531520386078
blk_-1997208448081404465
blk_-2872662739314644707
blk_-5143893544100994047
blk_1089477414304270767
blk_5620027372583550010
blk_-428980112985508581
blk_7317960065331314785
blk_4728817061432334648
blk_7387853791277506180
blk_-651628466901320500
blk_4284471810870603517
blk_-5501185323877386392
blk_7169347067596634974

List of detected anomalies|

java.net.SocketTimeoutException:
490000 millis timeout while waiting for
channel to be ready for write. ch :

Ol

clear main save filter

Anomalies detected

Anomalies detected|

O
0 200 400 600 8

15

Feature Value

Percentage of detected anomalies
3.29%

0 1400

Block index

Values of extracted features for each HDFS Block

Percentage of detected anomalies|

M No Anomalies
M Anomalies

Block Index

Log classifier performance

1500

1000

500

Ll L1

Values of extracted features for each HDFS Block|

1600

Log classifier performance|

N True
W False

No Anomalies Anomalies




MLOS : Supported technologies ACTIveeon

Machine Learning & Artificial Intelligence

o - Y N ai o _ . i
& G H F e EE WP e caffe ek e G W fyip  gigl”

Cognitive ° DeeplLearning
Services CNTK Keras PyTorch  TensoFlow  Scikit-Learn ~ MXNet YOLO H20 Caffe  Spark MLLib Pandas  JupyterLab G4J DLib BigDL
Big Data Specialized Visualization
& $ o e ® > B[] 2 2 n K
3 [ERbEE S x 2 NVIDIA. : _-T:.E
% Azure spQrK ﬁm%ms hadﬂﬂp CUDA Openct O Grafana
Zookeeper Kafka Databricks Spark  Hadoop HDFS Hadoop Swarm Storm  Clearwater Twitter Cuda Open/CL FPGA Visdom Grafana Kibana

Data Connectors

URL [ F TP ﬁ ' @ R E Z 0 o [ * SAP -

Azure
URL FTP PostgreSQL  Greenplum MySQL Oracle  SQL Server MongoDB  Cassandra Azure Storage Data Lake AWS-S3 SAP Elasticsearch | ogstash

Languages and Predefined Tasks

f\ﬁvé%EIszaz"m-EQCB

A
Linux Bash Cmd Java Scala Javascript Groovy Ruby Jython Python Perle PowerShell C++/C# Cron LDAP
Infrastructure Clouds HPC Schedulers
—— Google ... PBS
is HH
A 2 Yo O i O M A D & 5 g QO LSF SGE
N .. openstack ? tloud Platform docker kubernetes OPENSHIFT orkiond manzoer Works

Linux Windows Solaris ~ AIX AS/400 VMware  Openstack Azure AWS GCP Docker  Kubernetes  OpenShift Slurm PBS LSF SGE



Machine Learning Industrialization
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&

Pm

y GREENPLUM

“ ) DATABASE

-

————

5 sTorM Ssas

Flexible integration w1th 3rd-part dev-ops software and libraries

. E::z

@ python

L

s \
§€ kafka

L J

1
1
1
1
7
R ' 3\
oooﬂpenCV . n
Visdom
J | J

Spafﬁ [ANACONDA Teng ow PYTeRCH
‘ — |
ProActive @ Full Rest Api ProActive Tasks supporting 10+ languages
Workflows & Scheduling C
( )
v Testing
1 (g ) \ J LA
HEE |
T \& . Y | predice
- i . . rediction
Pre-processing Learning ¢ Deploying
\ J
. Connector E Node Selection
laaS I I Script
ACCGSS any resources H
" Local ' Cloud —~ Clusters |
i o ocwamazon o BF 0 LSF Q) pesworks |
: q: : : II *l ' Bloemi- | OPENSACK : : o2, I
1 1 | 1 | ;::lziL :
| | : docker ll Kirosolt @ Google | l\ E,I.';"jm. @GRID ENGINE !

__________________________________
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